Abstract-Byproduct gas flow data analysis is necessary for scheduling optimization in iron and steel enterprises. However, missing values are inevitable for reasons like sensor fault and data transmission error. Our work focused on data loss problem and proposed a robust method for missing data imputation. Fuzzy c-means (FCM) was employed as the basic principle in our work. In order to improve the robustness of FCM, three strategies were introduced to the approach. Linear interpolation was first adopted to enhance the accuracy of convergence. Parameters of FCM were also optimized by means of Particle Swarm Optimization (PSO). Furthermore, Extreme Learning Machine (ELM) was used to improve the generalization performance of the data imputation model. To fully evaluate the proposed method, several experiments were elaborated and the results proved the superior characteristics.
INTRODUCTION
In energy industries, time series data can be used to analyze past production situations and provide future information for decision makers. For instance, byproduct gas generation and consumption flow data analysis [1] , [2] is of great importance for energy scheduling in iron and steel enterprises. In general, an effective conclusion is conducted on the basis of complete data. However, as for sensor fault and data transmission error, data missing is inevitable in the database. In order to provide reasonable data for the following data analysis procedure, missing values in time series data should be imputed cautiously.
During the past few years, many pioneers have devoted to the missing data imputation problem and achieved fruitful results. In 2001, Hathaway et al. [3] first proposed the FCM based missing values imputation method. The method considers the similarity of data vectors. Performance of FCM based imputation method can be easily affected by initialization parameters. Aydilek et al. [4] developed FCM based method and combined SVR and GA algorithm to improve the imputation performance. In 2017, Li et al. [5] improved FCM based imputation method and applied it to the power plant field. In 2015, Wang et al. [6] presented the approach of imaging time series. In 2017, Sun et al. [7] proposed an improved k-nearest neighbor method to solve the traffic missing data imputation method. In 2003, Oba S et al. [8] adopted Bayesian principal component analysis to the same problem. Schmitt et al. [9] compared different algorithms in 2015, and comparison results showed that FCM and Bayesian principal component analysis based imputation methods were the most robustness methods.
Our work focus on byproduct gas flow data analysis, and data cleaning is necessary in the procedure. Due to the reason that byproduct gas flow data has the advantage of good time correlation, time series data can be truncated and missing values can be imputed according to the similarity of data vectors. On account of the superior performance of FCM, it was employed into our work. Missing values imputation is performed according to the following pipeline. Firstly, original data was truncated and the missing values were prefilled based on linear interpolation. Then the revised time series data were truncated and feed to FCM to compute cluster centers. Missing values can be conducted according to membership matrix and related centers. An iterative optimization was employed in the clustering procedure, and the goal of the iterative optimization is to minimize the Euclidean distance between missing values and the predicted values by ELM. The contributions of our work can be summarized as follows: In order to improve the accuracy of FCM, parameters of FCM, clustering size k and weighting factor m, were optimized by PSO. ELM was introduced to our work to evaluate the optimization result.
To give a detailed explanation of the proposed method, the rest of the paper is organized as follows: Section Ⅱ describes the byproduct gas flow data and the basic problem of missing values imputation we would address. Section Ⅲ presents the proposed ELM-PSO-FCM framework. Section Ⅳ compares the performance of the proposed method with the traditional methods. Section Ⅴ concludes the paper.
II. FUZZY C-MEANS FOR MISSING DATA IMPUTATION

A. Byproduct Gas Flow Data
In the production process of iron and steel enterprises, byproduct gas is a very important secondary energy. Byproduct gas can be generated in blast furnace, coke oven and LinzDonawits converters. In order to improve the efficiency of energy applications, byproduct gas would be transported to various production units through gas pipe networks. However, the production of this kind of energy is not constant. This makes it significant for byproduct gas flow data analysis. Time series data is usually stored in the enterprise's database. For reasons like sensor fault and data transmission error, some original data would be lost. Therefore, missing values imputation is necessary before data analysis.
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The byproduct gas flow data shows self-similarity in time dimension, which means that missing values can be filled if similar data segment could be found. In order to find similar data segment, the original data should be truncated to construct vector data sets. Then the question of missing values imputation is converted to searching similar vector data. Data reconstruction can be performed as follows:
is the original byproduct gas flow data. As mentioned above, some values are lost and the missing values are marked as NaN . In order to find similar data segments, the original data should be reconstructed to build a series of data vectors. Data vectors are generated based on uniformly-spaced sampling method, and each data vector can be seen as a data section of the original data. The generated data can be expressed as a matrix, which can be seen in formula (1) .
In formula (1), 1 2 [ , , , ]
is a data section in the original data. The length of i x is l . Assume that the sampling step is s , the rows of X can be computed
B. FCM based Missing Values Imputation
As mentioned above, the byproduct gas flow data has characteristics of self-similarity. Therefore, the missing value in a data vector can be easily filled according to a similar data vector. Then the missing data filling problem can be converted to the problem of finding similar data vectors. An intuitive approach to solve the problem is data clustering. Since CMeans clustering algorithm has the advantage in high efficiency and scalability, it is widely used in data science. However, C-Means is a kind of hard partitional clustering algorithms, missing values imputation result by C-Means would be not that satisfactory. A more reasonable approach is FCM.
The main idea of FCM is to minimize the following function (3). 1 1 , ,
In equation (3), k is the cluster number, m is the weighting factor, d is the distance between data vector i x and clustering center j c . U is the membership matrix, which denotes the degree to which the data vector belongs to a cluster. Obviously, the size of U is k n u . C is the clustering result, and its size is k l u . 
III. THE ELM-PSO-FCM METHOD
Although FCM can deal with the missing values imputation problem, it has some defects. The first one is that when the missing data are prefilled with random values, it is hard to ensure convergence of the algorithm. The second is that the robustness of the algorithm is sensitive to parameters of FCM, cluster number k and fuzzy parameter m . In our work, initial values of the missing data were prefilled based on linear interpolation. This strategy can solve the problem of slow convergence due to initial values. In addition, we adopted PSO algorithm to optimize parameters of FCM. Parameter update strategy is performed based on ELM prediction. 
A. PSO optimiztion for FCM
In equations (8) and (9), t states the iteration number, Z is the inertia parameter which affects the particle flying speed. 
B. ELM prediction
ELM was proposed by Huang in 2004 and it is a new kind of neural network with fast training speed. The structure of ELM can be seen in figure 1. x . In figure 1 , the ELM has h hidden nodes. Assume that the activation function is ( ) g , the output of the neural network can be computed according to equation (10).
In equation (10), i E is the weight parameter between the hidden node and the output node. i Z and i b are the weight and bias parameters between the input node and the hidden node respectively and they are usually randomly initialized. Assume that
, then equation (10) can be simplified as (12).
y Hβ (12) The training process of ELM is to minimize the following function.
J
Hβ y
Matrix β can be computed according to equation (14).
To train the ELM, original data should be truncated and reconstruct a new data set. The process is like the data reconstruction method described in Section Ⅱ. The difference is that only data vectors without missing values are kept. Then the ELM can be used to predict missing values of original data. 
C. ELM-PSO-FCM based missing data imputation
IV. EXPERIMENTS AND RESULTS ANALYSIS
We designed an experiment for missing values imputation using byproduct gas flow data. The original data was sampled each 5 minutes. The constructed dataset contained 1440 data and was normalized to range of 0-1.0. To fully evaluate the proposed method, some of the original data were deleted randomly. The modified data contains 1%, 2%, 5% and 10% missing values and constructed 4 datasets. We compared the proposed method with ELM prediction method and FCM based method.
In our method, PSO parameters 1 c and 2 c were both set to 2.0. The maximum iteration number of PSO was set to 100. As for FCM, the maximum iteration number was 1000, and the terminating condition th H was set to 1.0. Parameters of the original FCM based method are set as follows: Cluster number was set to 20 and the fuzzy parameter was set to 2.0. In the ELM prediction based method, the number of hidden nodes was set to 20. Two criteria, Root Mean Square Error (RMSE) and Relative Accuracy (RA), were selected to evaluate the imputation accuracy of the three methods. RMSE and RA are defined as equations (16) According to table 1 and 2, with the increase of missing values percentage, RA of each algorithm increases and RMSE decreases. ELM-PSO-FCM algorithm has the best performance compared with FCM and ELM. Experiment results prove the superiority of the proposed method.
V. CONCLUSIONS
In this paper, we proposed a new missing data imputation method based on improved FCM. Linear interpolation and PSO were introduced to our work to optimize FCM. ELM prediction result was employed to guide the parameter optimization process. We also designed a contrastive experiment to evaluate the performance of the proposed method. Experiment results showed the advancements over FCM and ELM based methods.
